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Fig. 1 Pixel separation
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Fig.2 Appearance and spatial structure of images from different domains (a), Spatial position distribution derived from the source domain (b)
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Fig. 3 Multi-level domain adaptive network and confidence regularization
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Segmentation results of GTAS to Cityscapes dataset

Method

mloU/%

Road Sidewalk Building Wall Fence Pole Light Sign Vegetable Terrain Sky Person Rider Car Truck Bus Train Mbike Bike Average

AdaptSetNet'” 86.5  36.0 79.9 234 233 239 352 148
AdvEnt"! 899 365 81.6 292 252 285 323 224
IntraDA"™  90.6  37.1 82.6 30.1 19.1 29.5 32.4 206
ASDMPI 89.0 362 84.1 427 254 29.4 354 16.7
BDL!"" 91.0 447 842 346 27.6 302 36.0 36.0
PLA!Y 91.9  53.1 84.8 309 26.6 355 41.0 285
LRTIR® 929 550 85.3 342 31.1 349 40.7 34.0
FDAR 925 533 824 265 27.6 36.4 40.6 38.9
TTAPY 86.1 362 87.8 47.0 39.9 42.0 46.1 36.5

Ours 91.6  50.6 85.6 367 30.6 383 47.2 334

333 756 585 27.6 73.7 325 354 39 30.1 28.1 422

34.0 57.4 279 83.7 29.4 39.1 1.5 284 233 438

40.5 58.7 31.1 8.3 31.5 483 0 302 46.3

29.6 58.1 35.7 85.0 34.0 36.5 20.6 29.3 46.9

43.6 58.6 31.6 833 353 49.7 33 288 48.5

66.0 28.6 839 319 353 0.1 50.7 494

61.0 82.5 323 429 03 46.1 502

62.6 344 849 341 53.1 169 27.7 464 505

64.6 284 882 394 542 33 313 327 522

86.1 682 34.0 86.1 42.7 514 13 38.0 488 52.6
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Table 2 Segmentation results of SYNTHIA to Cityscapes dataset
mloU/%
Method
Road  Sidewalk Building Light Sign Vegetable Sky Person Rider Car Bus Mbike Bike Average
AdaptsegNet!'?! 84.3 42.7 77.5 4.7 7.0 77.9 82.5 54.3 21.0 723 322 18.9 323 46.7
AdvEnt!'" 85.6 42.2 79.7 5.4 8.1 80.4 84.1 57.9 23.8 733 364 14.2 33.0 48.0
IntraDAL'! 84.3 37.7 79.5 9.2 8.4 80.0 84.1 57.2 23.0 78.0  38.1 20.3 36.5 48.9
LRTIR?? 92.6 53.2 79.2 1.6 7.5 78.6 84.4 52.6 20.0 82.1 348 14.6 39.4 49.3
BDL!” 86.0 46.7 80.3 14.1 11.6 79.2 81.3 54.1 279 73.7 422 25.7 453 51.4
FDARY 79.3 35.0 73.2 19.9 24.0 61.7 82.6 61.4 31.1 83.9 40.8 38.4 51.1 52.5
PLAU® 88.9 52.8 81.0 7.2 13.8 80.8 84.3 61.6 353 743 424 39.6 46.9 54.5
TTAPY 87.2 46.6 86.0 18.3 34.0 85.0 90.0 61.7 289 85.7 443 26.3 26.5 55.4
Ours 83.9 47.6 77.0 15.4 16.6 81.7 85.7 68.3 35.8 80.6 424 45.3 47.8 56.0
(a) Input (b) PLA (c) Ours (d) Ground truth
B4 ShEIGESR
Fig. 4 Segmentation results
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W/O TMISP+CR+MDA(PLA) 49.4 10 52.1
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Table 5 Analysis of a

a mloU/%
0.33 52.1
0.5 52.6
0.67 52.2

1 46.0

#6 nSHHHT
Table 6 Analysis of n
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99 52.3
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Semantic Segmentation Methods for Road Scenes Based on Multi-Level
Domain Adaptation Network and Confidence Constraints

WAN Cailu, DU Wei
(Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education, East China University of
Science and Technology, Shanghai 200237, China)

Abstract: Semantic segmentation aims to assign a class label to each pixel in an image and has a wide range of
applications. Semantic Segmentation needs large numbers of high-quality labels, which requires a lot of manpower and
material resources. Furthermore, a semantic segmentation model trained on one domain cannot generalize well to other
domains, which becomes a key problem in its practical applications. Unsupervised pixel-level intra-domain adaptation
for semantic segmentation has been proven to be an effective method to address the problem. However, this method
cannot effectively exploit spatial location information and is adversely affected by noisy pseudo-labels. In this work, we
propose a confidence-guided multi-level domain adaptation approach to solve the problem. Specifically, we propose a
multi-level domain adaptation framework to reduce the differences between pixels and spatial location information of
images simultaneously. Moreover, to avoid that overfitting pseudo-labels may degrade the performance of the
segmentation network, we construct a confidence loss function to constrain the network training. And we propose a
method of selecting pseudo-labels and achieving better results in acquiring high-quality pseudo-labels than existing
methods. We demonstrate the effectiveness of our approach through synthetic-to-real adaptation experiments.
Compared with the unsupervised pixel-level intra-domain adaptation for semantic segmentation, our method leads to
6.5% and 2.8% relative improvements in mean intersection-over-union on the tasks “GTAS to Cityscapes” and
“SYNTHIA to Cityscapes”, respectively.

Key words: road scene; semantic segmentation; unsupervised domain adaptation; self-training; adversarial

learning

(WAEREE: EWem)


https://arXivpreprintarXiv:151106434
https://doi.org/10.1016/j.neunet.2022.10.015
https://arXivpreprintarXiv: 230702138
https://arXivpreprintarXiv: 230702138
https://arXivpreprintarXiv: 230702138

	1 基于多层级领域自适应网络和置信度约束的道路场景语义分割方法
	1.1 像素分离
	1.2 多层级领域自适应网络和置信度约束
	1.2.1 多层级领域自适应网络
	1.2.2 置信度约束


	2 实验与结果分析
	2.1 实验部分
	2.1.1 数据集
	2.1.2 评估
	2.1.3 网络架构
	2.1.4 算法的实现细节
	2.1.5 算法复杂度

	2.2 结果分析
	2.2.1 定量结果
	2.2.2 消融实验
	2.2.3 超参数分析


	3 结束语
	参考文献

